HighlY constrained back-PRojection (HYPR) is a post-processing de-noising technique originally developed for time-resolved Magnetic Resonance Imaging. It has been recently applied to dynamic imaging for Positron Emission Tomography (PET) and shown promising results. In this work, we have developed an iterative reconstruction algorithm (HYPR-OSEM) which improves the signal-to-noise ratio (SNR) in static imaging (i.e. single frame reconstruction) by incorporating HYPR de-noising directly within the ordered subsets expectation maximization (OSEM) algorithm. The proposed HYPR operator in this work operates on the target image(s) from each subset of OSEM and uses the sum of the preceding subset images as the composite which is updated every iteration. Three strategies were used to apply the HYPR operator in OSEM: i) within the image space modeling component of the system matrix in forward-projection only, ii) within the image space modeling component in both forward-projection and back-projection, and iii) on the image estimate after the OSEM update for each subset thus generating 3 forms: i) HYPR-F-OSEM, ii) HYPR-FB-OSEM, and iii) HYPR-AU-OSEM. Resolution and contrast phantom simulations with various sizes of hot and cold regions as well as experimental phantom and patient data were used to evaluate the performance of the 3 forms of HYPR-OSEM, and the results were compared to OSEM with and without a post reconstruction filter. It was observed that the convergence in contrast recovery coefficients (CRC) obtained from all forms of HYPR-OSEM was slower than that obtained from OSEM. Nevertheless, HYPR-OSEM improved SNR without degrading accuracy in terms of resolution and contrast. It achieved better accuracy in CRC at equivalent noise level and better precision than OSEM and better accuracy than filtered OSEM in general. In addition, HYPR-AU-OSEM has been determined to be the more effective form of HYPR-OSEM in terms of accuracy and precision based on the studies conducted in this work.
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Introduction
Reconstructed images for Positron Emission Tomography (PET) are generally noisy compared to those obtained from other medical imaging techniques such as Magnetic Resonance Imaging (MRI) and Computed Tomography (CT) since the image reconstruction problem is ill-conditioned, and the quality of PET images is highly dependent on the severely limited number of coincidence events acquired. Although single frame static imaging usually acquires more counts per frame thus corresponding to a higher signal-to-noise ratio (SNR) than a single dynamic frame, the SNR of typical static PET scans is not always satisfactory.
For example, lesion detection and studies of tumor heterogeneity (Vriens et al. 2012 , Nyflot et al. 2015 are highly sensitive to noise. Furthermore, in clinical practice, low dose and/or short scan time acquisitions are preferred especially in pediatric imaging (Boellaard et al. 2010) . For large patients, photon attenuation significantly degrades the SNR. Although the dose can be increased, this is typically insufficient to make up for the SNR loss. A low number of acquired counts is also common when imaging is performed using unconventional radioisotopes with a low positron branching fraction, for instance, yttrium-90 (Fowler et al. 2016) . Therefore, further improvement in SNR within a single frame PET reconstruction is highly desirable, with single frame improvements also relevant to multi-frame dynamic PET imaging.
Various methods have been proposed to improve the SNR in dynamic PET imaging such as 4D PET reconstruction (Rahmim et al. 2009, Reader and Verhaeghe 2014) and HighlY constrained back-PRojection (HYPR) post processing (Johnson et al. 2008 , Christian et al. 2010 , Floberg et al. 2012 . For static imaging, regularization techniques such as post reconstruction filtering and prior based methods have been proposed over the years (Bai et al. 2013 ). However, the prior based methods generally require the definition of a prior and taskspecific parameters before the reconstruction. As a result, they have not been widely used 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t clinically. The current gold standard method for improving the SNR in static imaging is applying (Gaussian) filtering due to its fast performance and ease of implementation.
Moreover, it does not require any prior knowledge of the imaging task. On the other hand, it achieves noise reduction at the cost of image resolution and contrast. In this work, HYPR denoising was directly incorporated within the widely used Ordered Subset Expectation Maximization (OSEM) algorithm (Hudson and Larkin 1994) to improve the SNR for PET without degrading accuracy in terms of resolution and contrast. Furthermore, the proposed method is not computationally intensive and does not require any prior information. The performance of various forms of HYPR-OSEM in static imaging was evaluated using resolution and contrast phantom simulations as well as using experimental phantom and patient studies.
Methods

HYPR de-noising
HYPR post processing is a promising de-noising technique originally developed for time-resolved MRI, and it has been further refined by constraining the back-projections to local regions of interest (HYPR-LR). The HYPR-LR method (Johnson et al. 2008 ) is given by:
where H t is the HYPR de-noised image for the t th time frame of the dynamic series, I t is the target image at t th time frame, C t is the composite image for the t th time frame, F is the filter function, and represents the convolution operation. The composite image is a high resolution and less noisy image than the target, and it is typically defined as the weighted sum 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t of dynamic frame images according to the frame duration for the case of PET. From Eq.(1), one can observe that the noise in the HYPR de-noised image is contributed from both the composite and the filtered target. Although the noise textures in MR images may be quite different from those in PET, the idea of using high frequency components of the composite to preserve resolution and to constrain noise in the target is still applicable to PET and other imaging modality such as CT. Consequently, HYPR-LR post processing has been recently applied to dynamic PET and shown promising results in improving SNR (Christian et al. 2010 , Floberg et al. 2012 .
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HYPR-OSEM
The OSEM algorithm used here is given by: 
where y i is the measured projection data along the i th (i = 1,……., I) line-of-response (LOR) and λ j m,l is the image intensity estimate in voxel j (j = 1,……., J) at the l th (l = 1,……., L) subset (S l ) of m th iteration.
J I R P is the system matrix which typically consists of 3 parts: a) a weighting component (
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The proposed HYPR de-noising operator in this work is defined as: F is the filter function (Gaussian in this case), and represents the convolution operation.
The composite here is updated for each OSEM iteration as the sum of the preceding subset images from the previous iteration; i.e the composite is updated once per iteration after the final subset update of each OSEM iteration loop. To prevent singularity issues caused by dividing by zero, a small value (i.e. 10 -10 in this case) was assigned to the HYPR de-noised image for voxels with zero value in the filtered composite. Note that when applying HYPR (post-processing) to dynamic imaging, the contrast in the composite needs to be very close to that in the target image to minimize bias introduced from the composite to the target (Floberg et al. 2012) . For the case of directly incorporating HYPR within OSEM, HYPR is not expected to introduce any bias, other than changing the convergence speed, since the subset data correspond to the same tracer distribution, and the goal is to estimate this distribution. In summary, the proposed method makes use of the high frequency components from the composite to preserve resolution and to constrain noise in the target for each update of OSEM. Furthermore, the composite formation scheme proposed here can help avoid bias toward any particular OSEM subset as well as reducing the probability of having voxel value of zero within the object. Consequently, it allows effective update of contrast through the iterative update of the composite with a highly constrained noise increment per OSEM update. Ideally, the composite image in HYPR needs to have high resolution with low noise, and several initial OSEM updates are required to obtain a high resolution composite. On the 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t other hand, noise increases as the number of updates increases. Here the HYPR operator (composite) was incorporated to constrain the noise increment after only one iteration of OSEM with 16 subsets in order to achieve a high SNR gain and to avoid high frequency noise in the composite.
Three strategies were used to incorporate the HYPR operator in OSEM: i) before Forward-projection, ii) before Forward-projection and after the Back-projection operations, and iii) After the OSEM subset Update (i.e. separated from the update factor) thus generating 3 forms of HYPR-OSEM. These three methods are denoted as HYPR-F-OSEM, HYPR-FB-OSEM, and HYPR-AU-OSEM, respectively as shown in Eqs.(4-6). 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t application of the HYPR operator in the middle of the iterative process (i.e. applying the HYPR operator to the output image in Eq.(6) or to the input image in Eq.(4)), nevertheless HYPR-F-OSEM and HYPR-AU-OSEM differ in: a) HYPR-F-OSEM does not deal with the 'zero trapping' issue (Vaissier et al. 2013 ) very well as the zero trapping can always come back from the back-projection step, whereas HYPR-AU-OSEM can sufficiently reduce the zero trapping; b) the composite becomes different between HYPR-F-OSEM and HYPR-AU-OSEM after the 2 nd iteration as each algorithm generates different subset images from the 2 nd iteration and on.
2D simulations of resolution and contrast phantoms
Feasibility of the proposed methods was first evaluated using simulations. Two 
Filter function and evaluation of effect of filter kernel size
The filter function used in the HYPR operator was a Gaussian with a 5 mm FWHM for the simulations except for the early updates. Since the changes between the early updates are more drastic than those between the later updates, a narrower filter kernel (3 mm FWHM) was used for one iteration right after the initial OSEM iteration to limit the cross-talk between the composite and the target. For HYPR-FB-OSEM, a 3 mm kernel was also used for the HYPR operator in the back-projection throughout all iterations to ensure accurate update factors can be obtained for all cases; i.e. the update factors are less consistent across different subsets than the tracer distribution.
In addition to applying the 5 mm FWHM Gaussian filter kernel in the HYPR operator, 3 mm FWHM and 10 mm FWHM were used to evaluate the effect of filter kernel size for all forms of HYPR-OSEM using the same phantom simulations described above. As previously mentioned, a 3 mm FWHM kernel was always used in the HYPR operator for one iteration right after the initial OSEM iteration for all forms of HYPR-OSEM. The 3 mm kernel was also used for the HYPR operator in the back-projection for all cases of HYPR-FB-OSEM.
Coefficient of variation vs bias and percent root-mean-squared-error vs iteration
10 independent noisy realizations of the contrast phantom data as mentioned above were generated and reconstructed with all forms of HYPR-OSEM, OSEM, and OSEM were histogrammed into span 9 (axial rebinning) sinograms.
50 independent realizations of the experimental phantom data were then generated using the bootstrap resampling method (Lartizien et al. 2010 , Markiewicz et al. 2015 for two different count levels: one is approximately equivalent to a dynamic frame with a high number of counts (~213 million) from a carbon-11 [ 11 C]PK11195 study, while the other corresponds to a dynamic frame with a low number of counts (~20 million) for the HRRT.
The phantom data were then reconstructed using up to 50 iterations with 16 subsets, with all aforementioned reconstruction methods including all corrections (i.e. randoms, scatter, attenuation, and normalization), and using an image matrix size of 256 x 256 x 207 and an image voxel size of 1.22 mm x 1.22 mm x 1.22 mm. For the experimental data, the kernel sizes were reduced by a factor of 2 in the HYPR operator(s); i.e. 2.5 mm FWHM and 1.5 mm FWHM. This is because the intrinsic resolution and image voxel size for the HRRT are two times better/smaller than those used in the simulations, which correspond to those of typical clinical PET scanners. The 2.5 mm FWHM kernel was also used in the post reconstruction Gaussian filter for OSEM images. 1.5 mm FWHM kernel size was used during the 2 nd iteration of all HYPR-OSEM methods as well as in the HYPR operator of the back-projection for HYPR-FB-OSEM. Similar analyses as described above for the simulations were performed. A c c e p t e d M a n u s c r i p t
Clinical patient study
A [
11 C]PK11195 glioma patient study was conducted on the HRRT. 665 MBq of PK11195 was injected, and list-mode emission data were acquired for 60 minutes. The listmode data were then histogrammed into 17 dynamic frames. The 1 st frame with 15 second frame duration (~20M counts) and the 9 th frame with 300 second frame duration (~213M counts) were selected for low and high count evaluations of the proposed reconstruction method. The two frames were reconstructed with the number of iterations which achieves the lowest RMSE in CRC's according to the experimental contrast phantom study for OSEM, filtered OSEM, and HYPR-AU-OSEM.
Results
2D resolution and contrast phantom simulations
The figures (S1-S7) corresponding to the simulation results can be found in the supplementary data. The FWHM and FWTM as a function of iterations are shown in figure   S1 . The resolution performances for all forms of HYPR-OSEM were comparable to OSEM, whereas the resolution obtained from the filtered OSEM was ~7.5 mm FWHM and ~13.5 mm FWTM (not shown). Small variation in resolution was observed from HYPR-OSEM likely due to the difference in resolution between the composite and the target image. In general, HYPR does not degrade the resolution when incorporated directly within OSEM.
In figure S2 , the CRC values are plotted against image noise for various sizes of hot and cold regions obtained from various reconstruction algorithms. It was observed that the convergence in CRC for all forms of HYPR-OSEM was slower than that of OSEM; e.g. the CRC obtained from 3 iterations of OSEM was similar to that obtained from 9 iterations of HYPR-AU-OSEM. Nevertheless, HYPR successfully reduced the noise increment per iteration while allowing effective update of contrast. Specifically, the image noise was 2-3 times lower with HYPR-OSEM for an equivalent CRC value, and higher CRC values were A c c e p t e d M a n u s c r i p t observed at the same noise level as compared to OSEM. Note that slightly higher CRC's obtained from HYPR-OSEM as compared to OSEM after convergence could be due to the slightly better resolution performance and lower noise-induced bias (i.e. the maximum likelihood estimate is only unbiased for an infinite number of counts). When comparing to the filtered OSEM, one can observe that HYPR-OSEM images contain similar noise levels but with higher CRC due to the preservation of resolution in the HYPR-OSEM images. As expected, the post reconstruction filter reduced the noise at the cost of (reduced) resolution and contrast for the filtered OSEM, and the reduction of CRC's due to the post filter is greater for smaller hot structures. In general, HYPR-OSEM can achieve better accuracy at equivalent noise level as well as better precision than OSEM and better accuracy than filtered OSEM.
When comparing among the different forms of HYPR-OSEM, it was observed that HYPR-AU-OSEM has a faster convergence in CRC than the other two forms especially for the cold regions and the smallest (10 mm) hot region. In addition, the level of noise reduction was quite similar among the different forms of HYPR-OSEM when the filter kernel used in the HYPR operator was 5 mm FWHM, which is similar to the intrinsic resolution of the simulated PET system. The kernel which achieves similar noise reduction across all HYPR-OSEM methods will be referred to as the Noise Equivalent Kernel (NEK) from here on. The effects of different filter kernel sizes will be presented shortly. The reference and reconstructed phantom images are depicted in figure S3 . One can observe visually that HYPR-AU-OSEM image contains higher CRC particularly in the cold regions but also slightly higher noise than HYPR-F-OSEM and HYPR-FB-OSEM images for the same number of iterations in this case. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t
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Evaluation of effect of filter kernel size
In terms of noise reduction, the wider the filter kernel the higher the noise reduction.
Furthermore, the widest kernel produced the slowest convergence in CRC especially in the cold regions as well as for the smallest hot region. However, the noise increment per iteration was not very different when using different kernel sizes in the HYPR operator of HYPR-F-OSEM. Very similar results were obtained from HYPR-FB-OSEM. In other words, the noise reduction achieved by HYPR-F-OSEM and HYPR-FB-OSEM is not very dependent on the kernel size. In contrast, 3 distinct CRC vs noise trajectories were observed from the 3 different kernel sizes for HYPR-AU-OSEM as shown in figure S4 . One can easily observe that the narrowest kernel (red) achieved the least noise reduction (i.e. noise level was ~2 times lower than that of OSEM) with the fastest convergence in CRC among the 3 different kernel sizes, and the number of iterations required to reach a good CRC was comparable to that of OSEM. The widest kernel (green) achieved the highest noise reduction (much more than what was achieved by HYPR-F-OSEM and HYPR-FB-OSEM); however, it also produced the slowest convergence in the cold regions as well as for the smallest hot region.
Up to ~4 times lower noise level than that of OSEM can be achieved by HYPR-AU-OSEM using the 10 mm filter kernel in this case. Note that the 'perfect' CRC vs noise trajectory would be a straight vertical line (i.e. improving CRC without increasing noise).
The reconstructed contrast phantom images with different filter kernel sizes used in the HYPR operator are depicted in figure S5 for all forms of HYPR-OSEM. The effect of different kernel sizes is not very apparent visually for both HYPR-F-OSEM and HYPR-FB-OSEM, while the visual difference among the HYPR-AU-OSEM images with different kernel sizes can be easily observed. When the kernel used in the HYPR operator is narrower than the NEK, HYPR-AU-OSEM performs worse than both HYPR-F-OSEM and HYPR-FB-OSEM in terms of noise reduction. More high frequency noise or 'false objects' can be A c c e p t e d M a n u s c r i p t observed in the HYPR-AU-OSEM image (see figure S5g). Conversely, when the kernel is wider than the NEK, HYPR-AU-OSEM reduces the high frequency noise to a larger degree than the other two forms, although at the expense of a slower convergence (see figure S5i). In addition, similar resolution performance was observed for different kernel sizes for all forms of HYPR-OSEM (not shown).
Precision, accuracy, and root mean squared error
The plots of %COV vs %Bias (i.e. precision vs accuracy) in CRC generated from multiple realizations of the contrast phantom for various reconstruction methods are depicted in figure S6 . In general, all forms of HYPR-OSEM achieved lower %COV or better precision than both OSEM and filtered OSEM. As shown in figure S6c, the highest improvement was observed for the 15 mm hot region where a ~20% improvement in accuracy (i.e. ~20% lower bias) for a fixed 20% COV and a ~5% lower COV for a fixed ~1% bias was achieved by HYPR-AU-OSEM as compared to OSEM. When comparing to filtered OSEM, a ~15% improvement in accuracy for a fixed 20% COV and a ~5% lower COV for a fixed ~12% bias was achieved by HYPR-AU-OSEM. Note that the post filter used to generate filtered OSEM images only degraded the accuracy in CRC without improving the precision at all for the largest hot region and the cold regions (see figures S6a, e, and f). It is also very apparent that the HYPR-AU-OSEM has faster convergence than the other two forms of HYPR-OSEM when NEK was used as observed previously. In addition, for the smallest hot region the %COV vs %Bias curves for all reconstructions followed similar trajectory except for the filtered OSEM at high number of iterations. This is most likely due to the size of the region which is very close to the resolution limit of the simulated PET system (i.e. only 2 times the system resolution). 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t Figure S7 shows the %RMSE in CRC as a function of number of iterations for various reconstruction methods. For the hot regions, OSEM and filtered OSEM achieved their optimal performance at 2-3 iterations which correspond to the number of iterations used in typical clinical protocols. More iterations were required for all HYPR-OSEM methods to reach the lowest %RMSE as compared to OSEM for both hot and cold regions. One interesting observation is that at the 2nd iteration where the HYPR operator was first introduced into the HYPR-OSEM methods, the %RMSE increased for HYPR-F-OSEM and HYPR-FB-OSEM as compared to that from the initial OSEM iteration, whereas that obtained from HYPR-AU-OSEM decreased at the 2nd iteration. As a result, much more iterations were needed for HYPR-F-OSEM and HYPR-FB-OSEM to reach similar %RMSE as compared to HYPR-AU-OSEM especially for the cold regions and small hot regions.
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Additionally, HYPR-OSEM is expected to outperform OSEM and filtered OSEM in terms of %RMSE particularly for small regions since it achieves better precision and similar accuracy as compared to OSEM, and better accuracy and similar precision as compared to filtered OSEM. However, the highest improvement was not observed from the smallest hot region; this is likely due to that the size of the region is near the resolution limit of the PET system.
Experimental contrast phantom scan
The CRC vs noise for the high count frame of the experimental contrast phantom data is shown in figure 2 . The noise reduction achieved by HYPR-OSEM with respect to OSEM for the HRRT data was higher than that for the simulated data. Nearly identical results were obtained between HYPR-F-OSEM and HYPR-FB-OSEM. The noise level obtained from HYPR-F-OSEM and HYPR-FB-OSEM was 3-4 times lower than that from OSEM, while that obtained from HYPR-AU-OSEM was ~6 times lower. The different noise reduction between HYPR-F(B)-OSEM and HYPR-AU-OSEM is likely due to the fact that the 2.5 mm kernel used in the HYPR operator does not correspond to the NEK. Consequently, the NEK A c c e p t e d M a n u s c r i p t does not always correspond to the intrinsic resolution of the PET system, and the NEK for the HRRT data is thus narrower than 2.5 mm FWHM. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t The %COV vs %Bias obtained from 50 realizations of the high count experimental phantom data is depicted in figure 3 . As expected, HYPR-OSEM achieved better precision than OSEM and better accuracy than filtered OSEM. As compared to the simulation results from figure S6, HYPR-AU-OSEM did not show faster convergence than HYPR-F-OSEM and HYPR-FB-OSEM in this case. This could be due to that the filter kernel used in the HYPR operator is wider than the NEK (i.e. convergence of HYPR-AU-OSEM became slower). On the other hand, HYPR-AU-OSEM achieved better precision in CRC for all hot and cold regions than HYPR-F-OSEM and HYPR-FB-OSEM. Here the highest improvement A c c e p t e d M a n u s c r i p t in %COV achieved by HYPR-OSEM was observed for the 4 mm hot insert; e.g. ~30% improvement in precision was achieved by HYPR-AU-OSEM as compared to OSEM at an equivalent %Bias level.
Similar accuracy in hot CRC's was obtained from all methods except for the filtered OSEM which showed highest %Bias in all cases. As for the cold CRC, a ~7% improvement was observed from HYPR-AU-OSEM as compared to OSEM, likely as a result of the more effective update of cold contrast with a very low noise increment per update (i.e. lower noiseinduced bias). Note that much higher %Bias was obtained from the experimental phantom data as compared to the simulations. This is most likely due to the fact that the reference CRC's for simulations are known from the noise-free case, and the partial volume effect was included in the reference CRC's, whereas the reference CRC's are unknown for the experimental phantom data, and 100% was used as the reference CRC for all regions. Figure 4 shows the %RMSE in CRC obtained from the high count frame of the experimental phantom data. As depicted in figure 3 , the %Bias was much higher than the %COV in this case. As a result, bias contributed more to the %RMSE than the variance.
Consequently, %RMSE for OSEM was always lower than that for the filtered OSEM in spite of a higher %COV. As expected, HYPR-OSEM methods attained lower %RMSE than OSEM and filtered OSEM in all cases after certain numbers of iterations (more iterations are need for smaller regions). All HYPR-OSEM methods performed similarly in terms of %RMSE in this case. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t Similar comparisons for the low count frame of the experimental phantom data are depicted in figures 5-7. In contrast to the results from the high count data, the noise level obtained from HYPR-AU-OSEM was not in agreement with that from the filtered OSEM anymore. This is due to the fact that the composite is noisier than the filtered target in this case. Therefore, the noise in the de-noised image is dominated by the noise in the composite for the low count case, while the noise in the de-noised image is dominated by the noise in the filtered target for the high count case. Furthermore, higher noise-induced bias in CRC was observed from OSEM since there were not enough counts within each OSEM subset to 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t produce accurate CRC's. Consequently, improvements in both accuracy and precision were achieved by HYPR-OSEM as compared to OSEM in all cases except for the smallest hot region. Similar CRC for the smallest hot region between HYPR-OSEM and OSEM methods is likely due to the size of the region being close to the resolution limit of the HRRT. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t With regard to %COV vs %Bias at low count level, the noise-induced bias was very apparent for many cases; i.e. the %Bias became worse when the iterations passed a certain number. Moreover, higher noise-induced bias was observed from HYPR-F-OSEM and HYPR-FB-OSEM as compared to HYPR-AU-OSEM. As a result, substantial difference in %RMSE can now be observed between HYPR-F(B)-OSEM and HYPR-AU-OSEM as shown in figure 7. In terms of %RMSE, OSEM and filtered OSEM performed similarly in this case.
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Clinical patient study
Evaluation using the PK11195 patient scan is depicted in figure 9 . One can observe that HYPR-AU-OSEM images are less noisy than OSEM images, while HYPR-AU-OSEM images show higher contrast in both hot and cold regions as compared to the filtered OSEM.
Additionally, cold regions are also more visible in the HYPR-AU-OSEM image; e.g. cold eyes and cold tumor as indicated by the red arrows in figure 9e and f. Although there is no gold-standard for the case of the patient study, these observations agree with those observed previously from simulations and experimental phantom studies. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t internal carotid arteries and transverse sinus (blood vessels) in (b) and (c) while they indicate the eyes and tumour in (e) and (f).
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Discussions
From the contrast phantom simulations and experimental phantom data at high count level, it was observed that HYPR-OSEM images have similar CRC as compared to OSEM but with the noise level comparable to that from the filtered OSEM (with a filter kernel size matching with the one used in the HYPR operator). In other words, HYPR-OSEM images contain good traits from both OSEM and the filtered OSEM images. It was later observed from the experimental phantom study at low count level that HYPR-OSEM images contain lower noise-induced bias in CRC than both OSEM and filtered OSEM images. However, higher noise was observed in the HYPR-OSEM images as compared to the filtered OSEM due to the higher noise in the composite as previously described.
When comparing among different forms of HYPR-OSEM, it was observed that the convergence rate in CRC for HYPR-AU-OSEM was faster than that for HYPR-F-OSEM and HYPR-FB-OSEM when a kernel size equivalent to or narrower than that of NEK was used in the HYPR operator based on the simulations. Furthermore, it was observed that the CRC vs noise trajectories obtained from HYPR-F-OSEM and HYPR-FB-OSEM were not sensitive to the kernel size used in the HYPR operator. On the other hand, higher noise reduction and better CRC vs noise trajectories can be achieved by HYPR-AU-OSEM using wider kernels, though the convergence of HYPR-AU-OSEM becomes slower. Moreover, it was found that the NEK does not always correspond to the intrinsic resolution of the PET system from the experimental phantom study. When a kernel size wider than that of NEK was used for the phantom experiment, higher noise reduction was achieved by HYPR-AU-OSEM as compared to the other two forms as expected. In addition, lower noise-induced bias at low count level and higher reproducibility was generally observed for HYPR-AU-OSEM. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t Consequently, based on the results obtained from this work, separating the HYPR operator from the computation of the update factors seems to be more effective in terms of accuracy and precision performance than introducing HYPR directly within the computation of update factors.
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As mentioned previously, the HYPR operator was incorporated within OSEM after only one iteration of standard OSEM in order to achieve high SNR gain and avoid high frequency noise in the composite. Although running more iterations of standard OSEM initially can improve the convergence in CRC's and minimize the small variation in resolution, the absolute noise level at later iterations of OSEM is much higher than that at the first iteration especially under low count situations. Therefore, it is hard to justify the starting point for incorporating the HYPR operator after more than one iteration of OSEM. As shown in figure S2 , one can observe that the noise level at the 2 nd iteration of OSEM was even higher than that at 16 th iteration of all forms of HYPR-OSEM. Similar trends can also be observed from the experimental phantom results (figures 2 and 5). Using the composite derived from the current iteration of subset images can also improve the convergence of HYPR-OSEM. However, this would result in lower noise reduction as compared to using the composite from the previous iteration; i.e. the CRC vs noise trajectory became very close to that of OSEM (results not shown).
Most of the results in this work were obtained using the 5 mm FWHM Gaussian kernel in the HYPR operator for the simulations and 2.5 mm FWHM for the HRRT data as a compromise between noise reduction and convergence since a very narrow kernel would not sufficiently improve the noise reduction while a very wide kernel would slow down the convergence excessively especially for HYPR-AU-OSEM. Nevertheless, it can be observed from figure S4 that HYPR-AU-OSEM has the potential to increase CRC with a minimal increase in noise per iteration by applying a wider kernel in the HYPR operator. Therefore, 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t improving the convergence without significantly increasing noise will be an important next step, and the optimal kernel size and number of iterations combination for HYPR-AU-OSEM will need to be determined.
When the HYPR operator was applied in the back-projection of HYPR-FB-OSEM, the filter kernel size was restricted to 3 mm for all cases in the simulations and 1.5 mm for the HRRT data to ensure accurate update factors can be obtained. When wider kernels were applied in the HYPR operator of the back-projection, higher noise increment per iteration, lower CRC's, and higher variation in resolution were observed (results not shown) likely due to that the update factor distribution across OSEM subsets is not as consistent as the activity distribution (i.e. the composite for the back-projection is likely to introduce bias in the update factors). As a result, an upper constraint in the kernel width needs to be applied in the HYPR operator of the back-projection for HYPR-FB-OSEM.
For the results presented in this work, the number of OSEM and HYPR-OSEM subsets was fixed at 16 throughout all evaluations. Although increasing the number of subsets can reduce the number of iterations to reach similar CRC's thus accelerating the reconstruction process, lower image quality might be obtained when there are insufficient counts within each subset. As expected, when using a higher number of subsets in HYPR-OSEM (results not shown), lower CRC's and higher noise were observed as a result of less accurate and less precise composite and target images due to insufficient counts within each subset, as compared to those obtained using the number of subsets presented in this work.
The HYPR operator can also be incorporated within algorithms that do not use subsets such as the MLEM. In a similar manner, a few MLEM updates are required to generate a composite with high resolution, but the number of the initial MLEM updates cannot be too high in order to avoid high frequency noise in the composite. The composite formation would 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t be more flexible for MLEM than for OSEM as each MLEM update already utilizes all spatial or temporal data (for list-mode reconstruction). The way of summing the previous update images to form the composite as well as updating the composite would need to be optimized for MLEM in terms of noise reduction and efficient update of contrast. However, the drawback would be that the convergence of HYPR-MLEM methods is expected to be much slower than that of HYPR-OSEM methods.
The counting statistics chosen to perform the simulations in this study corresponded to a typical static imaging scan rather than a very low count case. Consequently, the number of counts within each OSEM subset was sufficient enough to reconstruct images without too much bias in contrast using the standard OSEM. Nevertheless, improvements in accuracy at the equivalent noise level and in precision were observed in general when comparing the proposed HYPR-OSEM to OSEM. For lower counting statistics cases such as reconstruction of a very short frame in dynamic studies, the proposed method showed greater improvements in accuracy and precision than those at high count level as demonstrated by the experimental phantom study. This is due to that OSEM reconstruction becomes less reproducible and more biased at low count level. The impact of HYPR-OSEM on dynamic frame-based reconstruction and the corresponding kinetic modeling parameters will need to be characterized with further investigations.
Incorporating the HYPR de-noising operator within the forward-projection and backprojection may seem similar to the image space resolution modeling approach (Reader et al. 2002 , Rahmim et al. 2013 . However, the two methods were designed for different purposes;
i.e. the resolution modeling has been designed to improve accuracy, whereas the de-noising operator has been designed to improve the precision without altering the accuracy. Although it has been observed that the resolution modeling can reduce noise in voxel-level, it has been reported that the resolution modeling also worsens the variability in the ROI-level (Blinder et 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t al. 2012, Rahmim et al. 2013) . On the other hand, HYPR-OSEM methods have been demonstrated to improve the precision or reduce the variability in both voxel-level and ROIlevel CRCs. Furthermore, the de-noising operator does not introduce Gibb's artifacts as is the case for the resolution modeling (Blinder et al. 2012 , Rahmim et al. 2013 . Nevertheless, it would be beneficial to combine resolution modeling with HYPR-OSEM to improve both accuracy and precision, and additional explorations are required.
The current implementation of HYPR-OSEM can be considered as 'free' in that the composite is estimated only using the PET data without any assumptions about the tracer distribution and anatomical structures. It would be interesting to further investigate the possibility of incorporating, for example, an anatomical composite from MR or CT along with the functional composite from static and/or dynamic PET such that both anatomical structure boundaries and functional contrast can be preserved/enhanced with high SNR within the HYPR-OSEM frame work. On the other hand, one may consider this independent characteristic as an advantage since prior information can introduce bias in the reconstructed image (Wang and Qi 2009 ). In addition, the current implementation of HYPR-OSEM methods does not require high computational demands; i.e. the reconstruction time is about 10-20% longer than that of the original OSEM.
One limitation of HYPR post processing for dynamic imaging as reported previously (Cheng and Laforest 2012) is that HYPR cannot recover low activity regions filled with mostly zero value voxels due to low counting statistics in the short dynamic frame. By incorporating HYPR directly within the reconstruction of each dynamic frame, the number of zero value voxels within the object can be greatly reduced for all frames. Specifically, the voxel value after HYPR de-noising is zero only when the same voxel is zero in the composite or the filtered target image. As a result, HYPR-OSEM can further improve the accuracy of HYPR post processing for dynamic PET imaging especially for the quantitation in the 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t regions with low tracer uptake, such as reference regions. The overall SNR gain in dynamic imaging can also be greatly improved when combining HYPR-OSEM with HYPR post processing.
Conclusion
This work demonstrates that the proposed HYPR-OSEM methods can improve SNR without sacrificing accuracy in terms of resolution and contrast recovery in frame-based PET reconstruction, thus showing great potential for applications which are sensitive to noise as well as applications which require low dose and/or scan time reduction. It has also been determined that HYPR-AU-OSEM is the more effective form than HYPR-F(B)-OSEM in terms of accuracy and precision. In addition, the proposed method can be applied to improve the image quality of any frame-based iterative reconstruction for both SPECT and PET without any prior information about the imaging task. Future works include improving the convergence and determining optimal reconstruction parameters for HYPR-AU-OSEM, combining HYPR-AU-OSEM with other system models such as resolution modeling, and investigating the impact of HYPR-AU-OSEM on clinical applications . 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t
